ABSTRACT This study determines the effectiveness and suitability of acoustic emission in order to monitor the structural health condition of railway pre-stressed concrete sleepers since the acoustic emission sensing provides effective means for detecting cracking events and quantifying the crack density. The aim of this study is two-fold. First, we establish a novel acoustic emission source separation that offers the possibility for analyzing the content of each source separately. This study is thus the first to demonstrate that these sources can be separated from each other by employing a classification algorithm based on decision trees. Hence, a technically sound decision can be made regarding the severity of the damage and appropriate measures can be taken. Second, the paper presents a new method for compressing the essential acoustic emission information of the loaded structure for further post-processing. Data compression of 70 % with respect to the full set of features is achieved through the elimination of those acoustic emission signatures that yield the largest mutual correlation with other signatures. The reduced set of acoustic emission signatures (only two uncorrelated features) still possesses the essential information of structural health of the structure of interest at a cost of a relatively small drop in classification accuracy from around 96 % to 84 %. The proposed method is validated experimentally on full-scale pre-stressed concrete sleepers under positive and negative bending moment configurations under static three-point bending tests, which correspond to anticipated failure modes at rail seats by industry.
I. INTRODUCTION
Railway concrete sleepers and bearers are a safety-critical component of the railway system. They are designed to transfer the load from the rails to the ballast and substructure below and to secure track gauge during train traffics. Another duty of the sleepers is to prevent track movement in longitudinal and lateral directions so that gauge width, track geometry and alignments are maintained for high quality ride comfort. During construction phase, they also act as a platform to construct an accurate line and level of the rail.
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In general, railway concrete sleepers are vulnerable to various modes of damage especially when a railway system possesses unpredictable defects such as wheel flats, rail squats, rolling contact fatigue, and voided ballast beds [1] , [2] . In railway switches and crossings, the bearers and sleepers are exposed to inevitable high-intensity impact loadings from the train wheels travelling over crossing nose or changing direction, causing structural failure of the bearers and sleepers. In contrast, it is noted that approximately a sleeper is subjected to around 80 million load cycles or more in a life span, which are inflicted by the presence of defects inducing impact loads [3] - [6] . Using pre-stressing technique improves the loading capacity, fracture characteristics and durability of the concrete sleepers [7] . However, a sleeper can still fail in several ways during its operational lifetime, including flexural cracking, longitudinal splitting, breakage due to derailment and cutting cracks. Two main failure mechanisms of the concrete materials are the tensile cracking and compressive crushing [7] . In [8] , for both hard and soft tracks it was flexural cracking that occurred first. Static loading study in [9] also supports this finding, with flexural cracking occurring first and being the cause of failure at the ultimate capacity load. Nevertheless, for the case of negative bending configuration, the most prominent failure mode is either flexural crushing or shear cracking. Longitudinal fractures relate to the steel tendons, occurring when bonding between the concrete and steel fails. The sudden release of tension in the steel produces stress waves along the interface, splitting the concrete. The sleepers are designed structurally to satisfy the maximum positive moment occurred at the rail seat and the maximum negative bending moment at the mid-span, provided that the ballast evenly distributes the load. However, it is often the case that the ballast is not uniform, so these conditions can vary. Literature indicates that flexural cracking at the midspan is one of the principal failure modes [8] , [10] - [12] . In a flexural static loading simulation and experiments of prestressed concrete sleepers in [8] , it was demonstrated that after the initiation stage of the crack at the center of the sleeper it bifurcates and grows horizontally in later stages. With increased loading, numerous cracks initiate around the central crack and propagate vertically. When the central crack is approaching a critical length of failure, it propagates in random directions. Further to these factors, hostile environmental conditions also promote sleeper failure. Prestressed concrete structures are also vulnerable to corrosion damage [13] . Steel tendon corrosion will reduce the tensile capacity so the sleeper is more susceptible to dynamic and quasi-static loads. It has been statistically analyzed that 1.2 % of manufactured sleepers carry defects from which 0.3 % are used in secondary lines and the remaining 0.9 % are rejected [14] .
Despite the fact that there are more than 1 billion concrete sleepers and especially bearers around the world, their structural health monitoring systems have not fully been developed. The key technical barriers to the development include the complexity and the scale of ballasted railway track networks. Acoustic emission (AE) sensing is particularly useful in circumstances that require long-term health observation. Once the AE technology has been installed, it can be left to perform structural health monitoring without physical maintenance. Crack initiation and propagation detected by the AE technique are derived from the stress source of deformation within concrete sleepers. When a load is applied by trains, instigating crack growth, an acoustic signal is emitted from the tip of the crack, identifying its location and growth rate. Authors in [15] - [17] showed the feasibility of using AE monitoring applied to concrete structures. The changes of AE parameters reflect structural degradation, such as cracking, ultimately leading to failure. The promising potential and versatility of AE sensing was demonstrated in [18] - [20] where AE technique was used for characterizing and localization of damage in concrete structural elements in bending with rebars of different materials, namely, steel, basalt and the combination of the two in [18] . Load and Calm ratios were suggested for damage severity characterization to classify damage into categories, such as ''minor damage'', ''intermediate damage'' and ''heavy damage''.
Currently there is a lack of insight into the use of nondestructive technologies (NDTs) within the rail industry and increasing traffic demands placed on track structures have pressed the need for an adequate monitoring system, especially for remote critical assets such as switches and crossings or railway bridges. The integration of NDTs and rail infrastructure for the development of 'smart tracks' will reduce the risks imposed by any damage to the structure. Therefore, it is valuable to conduct a thorough investigation into structural health monitoring systems for practical applications in the future. In 2012, repair works to the Hammersmith flyover in London, UK used over 400 AE sensors for the detection of tendon failure [21] . The sensor network was only partially effective because they were installed decades after the initial construction, so the already defected structure was taken as the baseline condition [22] . Implementation on railway structures would have the same flaw, as damage to the sleepers can only be identified just after the sensor installation. However, the data is still valuable as the sleepers with the most progressive cracking can be identified and classified for track maintenance.
Promising approach for defect interrogation in various structures is machine learning which has gained popularity in many fields of engineering. Pattern recognition techniques are widely applied to key structural elements mostly to classify either the failure modes or the nature of damage itself. There are two types of pattern recognition approaches. When the type of damage mechanism is known the supervised pattern recognition is used. On the other hand, the unsupervised pattern recognition is used to select damage sensitive features when no information on damage is available [23] . Different supervised learning (classification) schemes are applied to concrete structures for distinguishing between different aspects of structural conditions. For example, the classification of fracture modes [24] - [29] where a decision on type of the fracture is based on a marginal separating points in RA value/average frequency plane. Points above this margin refer to tensile cracking, while the ones below -to shear cracks. In [28] the AE technique was applied to cylindrical concrete pipes and it was shown that corrosion and macro cracksinduced damage can be distinguished by applying Kernel Density Estimation Function (KDFE). In [30] , [31] , a Gaussian mixture modeling (GMM) was employed to enhance the classification of cracks. Gaussian mixture is essentially a superposition of Gaussian functions leading to a kind of multivariate probabilistic analysis that allows to group large quantity of data into several clusters. In [32] the AE events in a reinforced concrete block specimens were localized VOLUME 7, 2019 in 3-D and clustered into 4 clusters depending on the amplitudes and angles of the emitted acoustic P-waves. In [33] the visual images of wooden sleepers were used in a structural condition classification scheme based on support vector machines and multi-layer perceptron. The scheme classified sleepers to belong to either ''good'' or ''bad'' category with a classification rate of 90 %. In [34] researchers applied random forest, decision trees and support vector machines classification algorithms to classify the structural state of wires inside the concrete utility poles using field experiments. In [35] authors proposed a promising technique for quantitative characterization of damage levels in concrete beams and slabs. These concrete structural elements were loaded in different flexure configurations and cracking patterns obtained with computer vision were input into supervised learning schemes combining classification and regression approach. Different damage mechanisms in reinforced concrete beams retrofitted with fiber reinforced polymer sheets subjected to flexural loading in conjunction with AE sensing were examined in [36] . The pattern recognition technique based on k-means clustering was used to cluster the AE signals and neural networks and support vector machines were used to differentiate between damage mechanisms.
The aforementioned studies focused mostly on either distinguishing between different damage modes or overall integrity states in the concrete structural elements with the aid of AE and learning schemes. This study will investigate the adequacy of AE sensing for the evaluation of flexural load responses of full-scale railway concrete sleepers used in real railway tracks, delivering an engineering assessment for future applications especially at railway switches and crossings. Note that the center-bound cracks (at mid-span) reflect one of the most common failure modes of sleepers, therefore this will be the focus of this study. The objectives of the study are to, firstly, identify flexural cracking damage in sleepers using AE sensing under various load testing regimes in accordance with European Standard (EN 13230: 2016), namely, positive and negative bending moment. Secondly, by using a novel approach different from the most studies to focus on classification of damage modes, the uncorrelated acoustic emission features can be used to construct a classifier with reduced amount of data to separate acoustic emission sources in the sleepers in order to determine the most critical acoustic emission sources and decide on the appropriate counter measures.
The current paper is presented in the following manner: In Section 2, the experimental preparations of sleepers' setups for static loading (in accordance with EN13230:2016), acoustic emission recording and emission source separation technique are described. In Section 3, the results of sleeper cracking dynamics and acoustic energy correlation in railway concrete sleepers are presented along with the classification of acoustic emission sources of all sleepers combined using a decision tree classifier.
II. EXPERIMENTAL PROCEDURE AND THE PROPOSED METHOD
The technical standard for testing of sleepers and bearers is specified by European Standard BS EN 13230 [37] . It provides material specifications, support conditions, loading procedures and some specific requirements for positive and negative bending tests on sleepers of which the test procedures must adhere to in order to verify the experimental data.
A. SLEEPER SPECIMENS
Four full-scale pre-stressed railway concrete sleepers supplied by CEMEX are shown in Fig. 1 . The length of sleepers is 2500 mm, height at mid-span is 175 mm, height at rail seat is 200 mm and width is 200 mm in accordance with CEMEX [38] . A single sleeper has a mass of 309 kg + 3 kg for loose fastening components. A total of 6 pre-stressed steel tendons are embedded in each sleeper. Positions of the tendons are marked with red in Fig. 1 (c) .
B. STATIC LOADING
European Standard BS EN 13230 specifies the support conditions required for the three-point bending test, instructing point supports at the railheads for both positive and negative bending tests. The support must be 100 mm wide and made from steel with a hardness Brinell: HBW > 240. The loading procedures, as specified in BS EN 13230-2 [37] , are shown in Fig. 2 .
For this study, a static load is applied at the mid-span of the sleepers for both positive and negative bending. In practice, 3-point bending usually assesses cracking problems associated with railway sleepers. Fig. 3 (a) and (b) illustrate the layout of the loading procedure for positive and negative bending respectively. Additionally, the figure illustrates the location of the various NDT sensors. A photograph showing locations of four mounted AE sensors for positive bending configuration is shown in Fig. 3 
(c).
Deflection was recorded using a linear variable differential transformer (LVDT) under the sleeper soffit (bottom) at mid span.
C. ACOUSTIC EMISSION ACQUISITION
The AE method detects stress changes in a specimen, relaying information by transient elastic waves that propagate and are identified by a piezoelectric sensor. Stress stimulation can be the result of crack initiation and growth, temperature variations or external sources.
AE measurements were carried out during all of the mechanical tests of the full-scale specimens to monitor and evaluate damage evolution during loading. There are three main components in most AE systems; data acquisition, piezoelectric sensors and the pre-amplifiers/amplifiers. The AE signals were detected and recorded using a 4-channel DAQ AE system procured from Physical Acoustics Corporation (PAC, now Mistras). The data acquisition was performed using ''AE-Win'' software. The AE signals were detected [32] . Key labels: (1) 120 kN/min maximum; (2) from 10 s minimum to 5 min maximum.
using wideband PAC-WD piezoelectric acoustic emission transducers operating at frequency range of 20-1000 kHz. The frequency response of these sensors allows the detection of AE signals over a wide frequency range. By this means, the AE signal characteristics associated with the different failure modes can be assessed. In addition, each sensor is connected to PAC 2/4/6 preamplifier operating in the frequency bandwidth of 20-1200 kHz. The amplification level of the pre-amplifiers (acoustic emission signal capturing threshold) was set to 50 dB prior to testing. An AE signal must surpass this threshold magnitude to filter out unwanted noise. A higher amplification level would increase the noise content as well as the amplitude of the unwanted AE signals. In contrast, a lower amplification level would result in lower noise levels, but the damage related signals would not be sufficiently amplified. The AE sensors were coupled on the samples using Vaseline petroleum jelly and held in place with duct tape. The use of coupling agent removes the air between the sensor and the surface of the sample, ensuring effective transmission of the AE signals with limited signal loss. In contrast, poor coupling quality has an adverse effect on the transmission of the AE signals and leads to increased signal loss during the tests.
The data acquisition system used was a custom-built AE and vibration acquisition system capable of continuously recording the complete waveform for periods of few seconds. The sampling rate for recording AE signals was set to 1 MSample/s, peak definition time (PDT), hit definition time (HDT) and hit lockout time (HLT) were set to 600 µs, 600 µs and 1000 µs, respectively. The pre-trigger time was set to 256 µs. The custom-built acquisition system consisted of the following components:
• A computer with a customized data logging software;
• An Agilent U2531A 4 channel data acquisition card;
• A 4 channel decoupling hub;
• A MISTRAS Wide bandwidth AE amplifier provided by PAC;
• A PAC model 2/4/6 preamplifier operating in the frequency range of 20-1200 kHz;
• Wideband PAC-WD piezoelectric AE sensors operating in the frequency range of 20-1000 kHz. Numerous parameters can be observed using AE, including rise time, counts, hits, energy, duration, amplitude, signal strength and others. 
D. ACOUSTIC EMISSION SOURCE CLASSIFICATION SCHEME
The flowchart of acoustic emission source separation methodology is shown in Fig. 4 . Two out of four sleepers are statically loaded in negative bending configuration, while the other two -in positive. In these tests, two sleepers are loaded until failure. The other two sleepers (no. 2 and 4) are first loaded until the first crack. Then the load is further increased until it reaches 1.5 times the load corresponding to the first crack. Eight acoustic emission features are selected from the whole set of registered features (their explanation is provided):
• Rise (R) -time from start of the emission to maximum amplitude (µs);
• Counts (C) -cycles from start to end of the emission (non-dimensional);
• Energy (E) -energy counts (non-dimensional);
• Duration (D) -duration of emission (µs);
• Counts/Duration (C/D) or average frequency (MHz);
• Amplitude (A) -maximum amplitude of the signal (dB);
• Rise/Peak amplitude or RA value (µs/dB);
• Signal strength (SS)-area under signal envelope (pVs). Data of different parameters varies in magnitude; therefore, it is imperative to rescale the data. This scaling scheme is based on data standardization [39] which involves the calculation of mean value µ and standard deviation σ of the data set for every parameter according to
where x i refers to a raw measured value of some AE parameter. Equation (1) is applied to standardize all eight aforementioned AE parameters.
Referring to [40] , the correlation analysis was conducted to study the linear relationship between these signatures. The features that showed the most correlation were discarded from the further calculations to avoid the multi-collinearity between AE features. Cases studies are conducted where each case corresponds to a set number of uncorrelated features. At first, only the feature with the most mutual correlation is removed (7 out of 8 features). One feature is further removed in every consecutive case study with a total of 7 case studies -8 out of 8 features, 7 out of 8 features, etc. with the last study of 2 out of 8 features. At least two features have to be included so that it is possible to assess their mutual relationship. The features from each case are input in a decision trees classifier, since it is the only classifier with a reasonable computation time with about 98,609 samples to process. The cross-validation scheme is adopted in order obtain a more objective representation of a classifier model and to avoid overfitting. The standard approach with 10 folds is used. Hyper-parameters of decision trees are optimized over a course of 10 runs because of the 10-fold cross validation used in the process. The average values of hyper-parameters are calculated and a final decision trees model is built for every case.
Classification performance of a classifier can be evaluated by considering a loss function which can be viewed as two types of errors: resubstitution loss which is a fraction of misclassifications over all set of instances on the training data from the predictors of classification model and crossvalidation loss, which is an average loss of each crossvalidation model when predicting on data that is not used in training. In the case of decision trees, resubstitution loss is influenced by number of maximum node splits, while crossvalidation loss is affected by number of data partitioning folds. Optimization of these parameters is imperative for successful classification of data. The classification performance of classifiers is evaluated via confusion matrices and classification/resubstitution errors.
III. RESULTS

A. RESPONSE TO LOADING
Generally, a load-deflection curve shows the elastic and plastic behavior of the sleeper, with the initial linear portion representing the elastic zone. When the curve reaches the ultimate load, substantial loss of flexural strength will occur. By overlaying the AE data, the damage events recorded by the sensors can be correlated with the transition into the plastic zone and its post-failure behavior thereafter. It is expected that the most substantial AE energy hits will occur at the ultimate load, provided that the sleepers still have residual flexural capacity [41] , [42] , significant activity may continue after failure. By controlling the loading rate, deflection can be plotted against time to give meaningful results.
1) NEGATIVE BENDING TO ULTIMATE LOAD
A typical failed specimen is shown in Fig. 5(a) . The failure mode is mixed (shear + bending). Load-deflection plot in Fig. 6(a) shows the elastic zone extends to approximately 60 kN at which point of the first crack occurs, a lower value than visual observations of 70 kN. Energy from the first crack event is negligible, thus it cannot be seen due to the magnitude of later events. The highest energy signal of 31,600 atto-joules takes place at the ultimate load of the specimen, 102 kN. Beyond this point, the steel tendons assume the tensile load, allowing further deformation to take place, hence AE activity continues. At 78 kN post failure, another substantial event leads to a dense concentration of high energy hits up to 16,500 atto-joules. There is a significant loss of tendon prestressed force and concrete disintegration here. The CEMEX G44 sleeper is a relatively brittle design with just six tendons making its behavior less ductile.
Normalized energy of AE events for every channel separately is shown in Fig. 7 . The largest values are depicted with red numbers. The largest fraction of magnitude of total energy corresponds to channel no. 4, which is at mid-span where the emitted energy due to cracking is overwhelmingly VOLUME 7, 2019 larger compared to other channels (sources). By increasing the distance from mid-span, the absolute AE energy values decrease with only about 2 % of the maximum energy at channel no. 1.
2) NEGATIVE BENDING CRACK PROGRESSION
The load-deflection curve (in Fig. 6(b) ) shows the incremental loading pattern from the crack progression test. In comparison to the failure curve, the energy hits are very low, but it does confirm the observed initial cracking in Fig. 5(c) at 53 kN. The concrete activity prior to the initial surface cracks corresponds to minor internal cracks and extraneous noise. Due to the Kaiser effect, when the sleeper is unloaded then reloaded back to the force required for the initial crack, there is no AE activity, so it is possible to put these AE signatures (from the first crack and 1.5 times the first crack load phases) in a single time sequence. Cracking alters the flexibility of the sleeper, hence why for 1 mm deflection the load in a reloading phase is 6 kN greater. Beyond the first crack, the slope of the curve indicates the transition into the plastic zone, where regular AE activity is maintained. Comparing the crack progression in Fig. 5(d) to the AE energy hits, there is a strong correlation between them, supporting the competence of using AE in damage detection. There are clearly peaks and troughs in the energy sequence that display when any major cracking events that are taking place.
Relative energies of acoustic emission for every channel in Fig. 7 show that the largest proportion of emitted energy concentrates in the vicinity of channel no. 3 which is roughly one sixth of a sleeper's length apart from the mid-span. The smallest fraction of emitted energy is again in the vicinity of channel no. 1. This proportion comprises only about 10 % of the total energy emitted in the process of cracking. In this case, there is no monotonic trend for decrease of energy of emission events with increasing distance from mid-span.
3) POSITIVE BENDING TO ULTIMATE LOAD
The failure pattern if a test specimen is shown in Fig. 5(b) . The failure mode is shear with pre-stressing tendons clearly exposed near the mid-span. Load/deflection curves are shown in Fig. 6(c) . The initial cracking for sleeper no. 3 occurs at 53 kN, confirmed by the crack progression diagram. The ultimate load for positive bending is over 11 % higher than for negative bending, this is unsurprising since sleepers are designed to have higher strength in this orientation. The AE energy data shows reasonably strong correlation with the load-deflection curve so that the first crack and ultimate load events can be distinguished. In comparison to the negative bending test, the values of energy are relatively low at ultimate load. It is possible, that the aggressive brittle failure that took place prevented the sensors from recording high energy data. Beyond the ultimate load, the sleeper's tensile capacity diminishes and no further activity proceeds. Although it is not documented in this report, the exact location of damage can be found based on the time taken for a signal to arrive at each sensor, this method is called linear localization. Separating the sensors into individual channels means that by identifying the sensor corresponding to an energy event, the damage location can be spatially approximated. The first crack is identified by sensor 4 at the mid-span; this can be anticipated since the first crack is flexural. It matches well with the load deflection curve as it marks the transition in the plastic zone. Sensor 2 -located at the rail seat, records a high energy hit just after the initial cracking, which represents spalling of the concrete at the supports. At the ultimate load, sensors 3 and 4 record high energy hits, as expected, since they are located nearest the mid-span.
The trend for relative energy proportions for every AE channel in Fig. 7 is similar to that observed for sleeper no. 1. The largest fraction of energy concentrates at mid-span with comparable energies farther from this area and the smallest proportion-at the remote end of a sleeper near channel no. 1.
4) POSITIVE BENDING CRACK PROGRESSION
The first crack load is at 60 kN. AE does not correlate perfectly with the load-deflection curve, but the energy hit that caused the first crack can clearly be noticeable. There are some inconsistencies in the data, with some energy jumps prior to the first crack; this may correspond to concrete spalling or extraneous noise. Beyond the first crack, AE energy stays low with exception to a hit at 79 kN. This magnitude of load is approaching the severe condition; therefore, damage events of the sleeper (see Fig. 6(d) ) will produce greater energy.
It can be observed that, for sleepers not loaded until failure, the trend of relative energy magnitudes with increasing distance from mid-span is not monotonic -as in the case with sleeper 2, considerable fraction of total energy is emitted at mid-span, however, in Fig. 7 one can see that channel no. 2 shows even greater release of energy. As always, the least energy is emitted at the remote end of sleepers farther from the largest concentration of cracks. The use of least energy identification can be used to identify crack propagation in railway sleepers and to determine severity of the cracks.
B. CLASSIFICATION OF ACOUSTIC EMISSION SOURCES
Positions of data points corresponding to one variable with respect to another can be illustrated using scatter plots. Such scatter plot is shown in Fig. 8 where two AE features (counts and rise time) are displayed relative to one another. These features are taken from a predictor set of features, comprising of either 8 features (full set) or reduced number of features. In our case, class names are sleeper channels (AE sources) FIGURE 7. Normalized acoustic emission energy for every channel (fraction of the largest value of total acoustic emission energy from Figure 6 for a particular channel depicted with a number in red).
and are marked with different colors. A total of 16 classes have to be separated (four sleepers with four channels per sleeper) with a total number of observations or samples equal to 98,609. The largest scatter of predictor values corresponds to sleeper 1, while the smallest -to sleeper 2. The largest proportion of features is attributed to AE channel 4 (at the mid-span of sleepers) for almost all cases, which is not surprising considering that the largest bending moment is at the mid-span.
1) CORRELATION BETWEEN ACOUSTIC EMISSION FEATURES
The results of mutual correlation of AE features are shown in Table 1 (refer to Subsection ACOUSTIC EMISSION SOURCE CLASSIFICATION SCHEME for the meaning of symbols). The correlations for every feature are summed and displayed for every sleeper. The largest correlation throughout all sleepers is consistently exhibited by counts (C) feature, followed by duration (D), signal strength (SS), energy (E), amplitude and RA value (RA).
Based on these results, the case study involving the building of a novel decision trees classification model is conducted by incrementally removing the most correlated features in the order starting from the one with the largest correlation. This organization is shown in Table 2 . Thus, a total of seven case studies are defined. 
2) ASSESSMENT OF AE SOURCE CLASSIFICATION PERFORMANCE
Classification of AE sources is conducted using the new decision trees method. The procedure is as follows
• Hyper-parameter optimization [43] is carried out using Bayes optimization method. Hyper-parameters include minimum leaf size -minimum number of leaf node observations, maximum number of splits -maximum number of decision splits (or branch nodes) and splitting criterion -either Gini's diversity index, twoing rule or deviance for reduction of maximum deviance (crossentropy). An example of one run of hyper-parameter optimization is shown in Table 3 , while the process of optimization of minimum leaf size by minimizing the objective function is depicted in Fig. 9 showing that the minimum of the objective function is achieved at minimum leaf size of 10 0 = 1. The objective function is classification loss.
• Optimization runs are conducted 10 times due to the 10-fold cross validation used in this study. • In each optimization run all hyper-parameters are recorded. These results for maximum number of splits are shown in Table 4 . Other parameters are not shown because the minimum leaf size is 1 for all cases (the majority out of 10 runs), while the splitting criterion is either deviance or Gin's diversity index.
• The averaged hyper-parameters are input into decision trees classification model and a classifier with optimum parameters is built. Cross validation (classification) and resubstitution errors are recorded.
• The confusion matrices for each of these cases are calculated with corresponding false alarm and detection rates averaged over all 16 classes. The average number of maximum number of splits is quite high -reaching 46,222 in the case of only 2 AE features considered. The general trend of the maximum number of decision splits is to decrease initially and increase starting from case 4 (5/8 features). With only 2 features this parameter doubles with respect to the initial case.
Confusion matrices for every case and different content of feature sets taken as an average over all 10 runs are computed and the reduced version is shown in Table 5 depicting only the data on the main diagonal. The vast majority of values lie on the main diagonal, indicating excellent classification (separation) performance, which is shown in percentage. A reliable separation of acoustic emission sources is achieved for all cases of AE feature reduction with a total of 16 classes (4 sleepers with 4 AE channels for each sleeper) to separate. The position with the largest proportion of misclassification is marked with orange. For the first 3 cases it is the 1 st channel of the sleeper 2. For cases 4 and 5, it is the 1 st channel of sleeper 3. For cases 6 and 7, it is the 1 st channel of sleeper no. 4. For these last 2 cases, the classification accuracy drops to 50 %. There is no considerable difference in the bending configuration of sleepers in terms of AE source separation since these sources are separated equally well. Also, the same degree of AE source separation is achieved by reducing AE feature set, meaning that it is possible to reduce the redundancy of data analysis of acoustic emission by conducting a mutual correlation analysis of AE features first. According to observations, classification accuracy improves with more data -channel no. 1 picked up the least proportion of acoustic emission energy due to pronounced activity at the mid-span near channel no. 4. Classification accuracies for channel no. 4 are also superior to the ones for channel no. 1. However, as one can see in Fig. 10 , there is a slight drop in the average classification accuracy by about 10 % with only 2 features as opposed to 94.52 % for full feature set. A surprising fact is that the efficiency of class separation increases by reducing feature set. By reducing 2 features, the classification accuracy increases by 2.06 %. Note that the classification and resubstitution errors increase with reduction of features, although even with the most extreme reduction these values are acceptable (5.35 % for classification error and 2.52 % for resubstitution error).
The performance of the classifier can also be assessed through examination of the detection rate and the false alarm rate. The detection rate and false alarm rate (TP r and FP r , respectively) are calculated according to
where FP -false positives, depicting detection of damage when it is, in fact, not present (false detection of damage);
TP -true positives -depicting discovery of damage when it is there (correct detection of damage) and TN -true negatives, correctly depicting that damage is not present (correctly detecting lack of damage). These values are calculated for all of the feature sets and shown in Table 6 . Overall, false alarm rates for all cases exhibit significant variability as indicated by the standard deviations meaning that this parameter is sensitive to data fluctuations, while the detection rate is more stable over all of the cases. Although the largest detection rate value (96.82 %) is obtained by removing just one feature, acceptable (over 93 %) detection rate is achieved by attaining just 2 features with less than 0.2 % of false alarm rate. The largest average classification accuracy is obtained by removing 2 features and attaining 6 as shown in Fig. 10 . This is in close agreement with findings from detection rate data as values of performance metrics of excluding 1 and 2 features are close. A drop of around 12 % of average classification accuracy and just 3 % of detection rate (and increase in false alarm rate by only 0.14 %) is a penalty of excluding as many as 6 AE features. The number of AE features obviously has an influence on data size that has to be processed and analyzed. The aforementioned decrease in classification performance in compensated by a compression of data to be processed. By decreasing the number of AE features by one in each increment, the data size decreases linearly as shown in Fig. 11 . It is found that the average slope of data reduction is roughly 1.9 MB per AE feature, which has been removed from the classification model. It can thus be concluded that, by considering only a bare minimum of AE features (two, to be exact), the average classification accuracy decreases only by about 10 %, while the size of the data to be analyzed decreases by about 70 %. This insight can form a strategy for placing AE sensors at the switches and crossings where it is difficult to locate the damage. 
IV. CONCLUSIONS
In this study, a feasibility of using acoustic emission for damage monitoring in pre-stressed railway concrete sleepers is explored. Four full-scale pre-stressed railway concrete sleepers equipped with four acoustic emission sensors have been subjected to flexural bending conditions in accordance with European Standard EN13230. Two of the sleepers were tested in positive and the remaining two in negative bending moment configurations. The traditional acoustic emission approach of monitoring acoustic energy jumps with concrete cracking is enhanced with, firstly, separating different acoustic emission sources from one another using decision trees classifier with optimized hyper-parameters in order to provide additional means for signal analysis of every acoustic emission source separately. The contribution of emission intensity from each source can be assessed and the most critical ones corresponding to larger damage severity can be detected. Secondly, the developed method allows for effective data reduction of measured acoustic emission signatures used in acoustic emission source separation. It is shown that reduction of number of acoustic emission features from eight to two has a minor impact on acoustic emission source classification accuracy and detection rate (averaged over all classes) -the drops are only about 12 % and 3 %, respectively while the size of the data to be processed decreases by 70 % with the average slope of data reduction is roughly 1.9 MB per acoustic emission feature.
The current algorithm may be used as a foundation for an effective structural health monitoring system for railway sleepers. As evidenced by the current study, the most critical part of the sleeper is mid-span, thus AE sensors should be mounted in these sleeper locations. The evolution of the most crucial damage severities could be monitored online. The AE information of the reduced set of features (as found in this study) could be post-processed and by selecting appropriate thresholding, the relative severity of the damage could be estimated. It is advisable to carry out this approach on the most important portions of the railway track, such as railway turnouts, switches and crossings.
